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ABSTRACT
Since the discovery of radio emissions from Quasi-stellar Objects (QSOs), also known
as quasars, they have been traditionally subdivided as radio-loud and radio-quiet
sources. Whether such division is a misleading effect from a highly heterogeneous
single population of objects, or real has yet to be answered. Such dichotomy has been
evidenced by observations of the flux ratio between the optical and radio emissions
(usually B-band and 5 GHz). Evidence of two populations in quasars and samples of a
wide diversity of AGNs has been accumulated over the years. Other quantities beyond
radio loudness also seem to show the signature of the existence of two different popu-
lations of AGN. To verify the existence of a dichotomy through different parameters,
we employed a soft clustering scheme, based on the Gaussian Mixture Model (GMM),
to classify these objects simultaneously using the following parameters: black hole
mass, colour and R loudness index, as well as the usual radio and B-band luminosity.
To investigate whether different kinds of AGNs manifest any population dichotomy,
we applied GMM to four independent catalogues composed of both optical and radio
information. Our results indicate the persistence of a dichotomy in all datasets, al-
though the discriminating power differs for different choices of parameters. Although
the Radio Loudness parameter alone does not seem to be enough to display the di-
chotomy, the evidence of two populations of AGNs could persist even if we consider
other parameters. Our research suggests that the dichotomy is not a misleading effect
but real.
Key words: (galaxies:) quasars: general – galaxies: active – Astronomical Data bases
– methods: data analysis
1 INTRODUCTION
It is well known that there are different types of AGNs and
that most of the diversity can be explained as a consequence
of the angle between the source structures and the line of
sight, following the AGN unification schema (e.g., Holt et al.
1992; Antonucci 1993; Urry & Padovani 1995; Peterson 1997;
Ho 2008). However, it is also well known that there are some
intrinsic differences between the AGN like the core or lobe
dominated Fanaroff–Riley galaxies (Fanaroff & Riley 1974),
the black hole spin (Moderski et al. 1998; Brenneman 2013;
Barret & Cappi 2019; Unal & Loeb 2020), the accretion
rate of the central engine (Bian & Zhao 2002; Körding et al.
2008; Daly et al. 2018), and the radio to optical luminos-
ity relation (Kellermann & Pauliny-Toth 1966; Murdoch &
Crawford 1977; Condon et al. 1980; Kellermann et al. 1989).
The last point is known in the literature as the radio-loud
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and radio-quiet quasar dichotomy, being the first evidence
of the existence of two inherently different populations of
AGNs (see Peterson 1997).
The existence of a dichotomy involving the radio emis-
sion of quasars is a long-lasting question since the discovery
of the Quasi-Stellar Radio Sources, known as quasars, in
the ’60s. From the total well-known Quasi-Stellar Objects
(QSOs) sample at that time, almost 10% of them were de-
tected at radio wavelengths and classified as quasars (Chiu
1964; Kellermann & Pauliny-Toth 1966; Shapiro & Weinreb
1966; Katgert et al. 1973; Fanti et al. 1977), and only a few
of them were classified as radio-loud sources. These pecu-
liarities indicate that radio properties could be fundamental
to classify active galactic nuclei (AGNs), which led to the
first division between Radio-Loud and Radio-Quiet objects
(see Kellermann et al. 1989). However, whether this disjunc-
tion is physical or statistical is unclear (see, e.g., Kellermann
et al. 2016, and references therein).
Kellermann et al. (1989) defined the radio loudness pa-
rameter (R) as an indicator of whether the source is radio-
quiet or loud. The authors suggested a comparison between
the radio and optical B-band fluxes; a source was defined
as radio-loud (hereafter RL) when the radio flux was higher
than the B-band, and radio-quiet (hereafter RQ) otherwise.
It is worthwhile noticing two aspects of analysing BL Lac
and flat-spectrum radio quasars (FSRQ): (i) the beaming
effect increases in different ways for the fluxes in radio and
optical wavelengths; (ii) opacity effects are a source of biases
(for instance, see Blandford & Königl 1979; Urry & Padovani
1995; Falcke et al. 1996b). By taking these issues into ac-
count, the R parameter is the commonly adopted criterion
used to classify a source as radio-loud or quiet. Although it
is a very useful criterion, other works suggest different crite-
ria to look for a more evident dichotomy (e.g., Van Gorkom
et al. 2015).
It is essential to discuss the meaning of a real dichotomy.
Notably, some AGNs are bright at radio wavelengths while
others are not (e.g., Chiu 1964; Scheuer & Readhead 1979;
Smith & Wright 1980; Sramek & Weedman 1980; Strittmat-
ter et al. 1980). Naturally, this statement is also valid at
other wavelengths. It is also well known the existence of
external factors that increase the continuum emission that
depends on the jet position relative to the line of sight; the
well-known beaming effect is one of them (Rees 1966; Bland-
ford & Königl 1979). Therefore, the question to be addressed
is: is there a continuous change of the brightness throughout
the AGN population? Is this evident only when we look at
the number of quasars versus the radio loudness parameter?
Or are there other types of AGNs where a dichotomy could
be seen in other parameter spaces? We can also pose these
questions in another way. Can other parameters evidence a
dichotomy?
First, let us take into account only the radio loudness
dichotomy (that we will call hereafter of the traditional
RL/RQ dichotomy). In general, two main approaches try
to find the existence of two populations. The first one is to
search directly for a gap in the bright luminosity and the R
parameter space. The second is to try to determine the dis-
tribution of radio flux between RQ and RL sources to show
that they are not compatible with just one general distri-
bution (e.g., Strittmatter et al. 1980; Falcke et al. 1996a;
White et al. 2000; Cirasuolo et al. 2003b; Sikora et al. 2007;
Broderick & Fender 2011; Mahony et al. 2012; Kellermann
et al. 2016). Both are limited by a two-parameter analy-
sis, although Sikora et al. (2007) and Broderick & Fender
(2011) also used the central source mass to investigate the
bimodality.
In the context of the first approach, Sikora et al. (2007)
found two parallel tracks in the luminosity plot. We high-
light that the authors constructed a catalogue with sources
of different types, expanding the original idea of quasar
dichotomy: Broad-line radio galaxies, radio-loud quasars,
Seyferts, LINERs, quasars, and FR I galaxies. Using the
same catalogue, but considering only the core flux, Broder-
ick & Fender (2011) used the black hole fundamental plane
(Merloni et al. 2003; Falcke et al. 2004) to investigate how
the mass could affect the traditional RL/RQ dichotomy. The
authors concluded that the gap previously found by Sikora
et al. (2007) was still present after the mass correction, but
not as evident as before.
On the other hand, observations made by the Faint Im-
ages of the Radio Sky at Twenty survey (FIRST, Becker
et al. 1995; White et al. 1997, 2000) provided an extensive
database. The instrument used was the Very Large Array
(VLA) at 1365 and 1435 MHz. It provided flux measure-
ments of a large number of sources that would be ideal for
verifying the existence of different populations. However, the
data from the FIRST catalogue did not reveal two different
populations of radio sources (White et al. 2000; Lacy et al.
2001; Cirasuolo et al. 2003b,a; Wals et al. 2005; Rafter et al.
2009; Singal et al. 2011; Bonchi et al. 2013). Besides, anal-
yses based on ATCA (Australia Telescope Compact Array)
and the ROSAT (Röntgensatellit) All-Sky Survey did not
find evidence of two intrinsically different classes of QSOs
(Mahony et al. 2012).
Kellermann et al. (2016) pointed out that the lack of
detection on the FIRST catalogue could be a consequence of
the large antenna beam at its frequency. In other words, the
antenna detected not only the core emission but also the lobe
emission, which could introduce noise to the distribution.
Nevertheless, the authors also argued that the X-ray QSO
catalogue (Mahony et al. 2010) favoured blazars and that
the ATCA sensibility could hide the RQ population.
Kellermann et al. (2016) have also used VLA obser-
vations of SDSS. They used the QSOs sample presented by
Kimball et al. (2011) at 6 GHz, which was based on the com-
pilation by Schneider et al. (2010). The authors restricted
their data in a very narrow redshift interval between z = 0.2
and z = 0.3, which made it impossible to confirm whether
the redshift evolution exists. However, they revealed a bi-
modal distribution not found in Kimball et al. (2011). We
highlight that the authors confirmed the definition of the
traditional dichotomy, which is well-described through the
radio loudness parameter and in a sample formed only by
quasars.
Now, let us go through other parameters. In an attempt
to perform a multi-dimensional analysis and try to solve if
a dichotomy could be seen in other wavelengths, Sulentic
et al. (2015) used the eigenvector correlation space consid-
ering line parameters in optical and UV range beyond the
X-ray photon index (Sulentic et al. 2000). The authors found
that radio-loud sources are restricted to a small group com-
pared to the whole population of radio quasars. A potential
cause for this cleavage was suggested to be quasar evolution
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(Schoenmakers et al. 2000; Best & Heckman 2012). Some au-
thors considered quasar luminosity evolution when search-
ing for dichotomy (Singal et al. 2013). Retana-Montenegro
& Röttgering (2017) investigated the existence of quasars’
spatial clustering and detected significant correlations with
redshift for RL quasars at z ≤ 2.3, which could provide valu-
able information about quasar evolution. The dichotomy in
quasars seems to be a general property, and not only a con-
sequence of the radio emission.
In the context of a multi-parametric analysis, Singal
et al. (2013) described the luminosity evolution of radio and
optical emission of quasars combining Sloan Digital Sky Sur-
vey (SDSS) sources and the FIRST catalogues. The authors
applied a multi-dimensional correlation method of Efron &
Petrosian (1992) to take into account flux limitations and
sample restrictions. They did not find evidence for bimodal-
ity, but this could be a consequence of the FIRST limitations
mentioned above.
To evaluate the extent of a dichotomy among AGNs,
we studied a set of features from different papers and cata-
logues by using a probabilistic methodology. Therefore, we
employed a Gaussian Mixture Model (see de Souza et al.
2017) to this multi-parametric space in order to: (i) test
whether a dichotomy exists beyond the radio flux; (ii) if so,
to find the best combination of parameters to discriminate
them, and (iii) search if the dichotomy is presented even
in samples with more AGN diversity than quasars. In this
sense, we are not restricting to the radio emission dimen-
sion but taking an overall look at the possible dichotomies
in AGNs.
Thus, in summary, we are searching for a dichotomy
along many possible surfaces in the space of quasar parame-
ters, only one of which is the traditional RL/RQ dichotomy,
which has received a lot of previous attention in the litera-
ture.
In the next section, we present the samples we used. In
section 3, we discuss the importance of this multi-parameter
analysis in astronomy and the method we used, while in
section 4, we show our results. We discuss our results in
section 5, and we conclude in section 6.
2 DATA RETRIEVAL
The multi-dimensional analysis of the radio sources’ emis-
sions can help to determine the reliability of an AGN di-
chotomy. Even the traditional RL/RQ dichotomy is still un-
der debate. Different samples and analyses point many times
to contradictory results. In this work, we will not compile a
new database since there are already many of them in the
literature, as pinpointed in section 1. Instead, we will use
different samples to investigate how the dichotomy appears
in other observational parameters.
In other words, we did not compile any new database;
we used in this work the databases compiled and treated by
the authors cited in Table 1. We did not modify or treat
any data; we only normalised the data in the way described
below.
We now have different questions to address since we
are working with parameters other than the radio and the
B band luminosities and with a broad class of AGNs. Is
the dichotomy a general property? Do the two populations
appear when we use a comprehensive set of parameters?
Does the dichotomy appear through different classes of AGN
beyond quasars?
The main problem of thinking in a multi-dimensional or
multi-parameter analysis is to define which parameter space
is the best one to investigate. In an ideal scenario, we would
have a big catalogue with several well-determined param-
eters, but this is not the case. The catalogues containing
SDSS information, for example, do not have the mass of the
central source for most of the sources, while some objects
of the FIRST catalogue do not have an optical counterpart.
Then, choosing a sample is choosing the parameters worthy
of investigating.
Our goal is to introduce the multi-dimensional proba-
bilistic analysis in the discussion. We selected four datasets
used in previous works as follows.
(i) Original database compiled by Sikora et al. (2007);
(ii) The modified version of the Sikora et al. (2007)
database by Broderick & Fender (2011);
(iii) The sample of Schneider et al. (2010) and Kimball
et al. (2011) analysed by Kellermann et al. (2016);
(iv) The FIRST data used by White et al. (2000).
In the following, we briefly describe each sample indi-
vidually.
Dataset D1 (5 GHz, B-Band, Mass, R): There are 198
objects in this sample. The authors made use of the fol-
lowing parameters: 5 GHz radio flux, B-band, mass, and
Radio Loudness parameter. The disadvantages of including
the black hole mass, as performed by Sikora et al. (2007),
is the low number of well-known sources; it limits the to-
tal number of entries in the catalogue. Nonetheless, the au-
thors correctly excluded blazars because of the boosting of
their emission. Five classes of sources were obtained from
different catalogues considering radio emission (Schmidt &
Green 1983; Eracleous & Halpern 1994, 2003), radio struc-
ture (Woo & Urry 2002; Cao & Rawlings 2004; Kharb &
Shastri 2004), and Seyferts and LINERs (Ho & Peng 2001;
Ho 2002). Sikora et al. (2007) discussed the details of each
sub-sample. This sample provides a space of parameters con-
taining Radio and optical luminosity, the R parameter, and
the black hole mass, with a total of 198 sources.
Dataset D2 (5 GHz core, B-Band, Mass, R): There
are 198 objects in this sample. The authors made use of the
following parameters: 5 GHz radio core flux, B-band, mass,
and radio core Loudness parameter. Broderick & Fender
(2011) also used this compilation to analyze the influence of
the black hole’s fundamental plane on the dichotomy. How-
ever, Broderick & Fender (2011) applied a correction on the
original sample radio flux to guarantee that the used flux
corresponded to the core emission, which changes not only
the radio luminosity but also the R parameter.
Dataset D3: (Offset, 6 GHz, B-Band, R) There are 178
objects in this sample. The authors obtained the following
parameters: 6 GHz Radio Flux, B-Band, Radio Loudness pa-
rameter, and displacement between radio and optical emis-
sion. From the sample analysed by Kellermann et al. (2016)
and compiled by Kimball et al. (2011), the authors used only
a small range of redshift (between 0.2 and 0.3) to avoid the
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influence of evolutionary effects and used a rigorous selec-
tion criterion based on colours, magnitude (which excludes
low luminosity AGNs), and the presence of broad lines (at
least one). The final list had 178 SDSS quasars. The sample
provides information about the luminosities at radio and I
bands, the offset between radio and optical emission, the R
parameter, and the redshift.
Dataset D4: (1.4 GHz,B-Band, R-Band, colour (B-
Rb)) There are 636 objects in this sample. The authors ob-
tained the following parameters: 1.4 GHz Radio Emission,
B-band, R-band (representing as Rb), andRLoudness pa-
rameter. The fourth and last sample we used in this work
was based on the FIRST catalogue. No dichotomy has been
reported in this dataset, although reasons for the lack of de-
tection exist, as discussed in section 1. Our goal is to verify
whether a probabilistic multivariate method like GMM can
indicate some new information even at this beam resolution.
We stress that all samples have already been accounted
for the K-correction and that sources with strong beam-
ing effects were not considered. Nonetheless, Falcke et al.
(1996b) showed that the boosting effect could affect even
RQ sources, but Broderick & Fender (2011) argued that it
is not a crucial matter for the Sikora et al. (2007) sampling,
while Kellermann et al. (2016) ruled out the Doppler boost-
ing as the origin of the dichotomy.
For all samples, we first took the logarithm of the values
of each parameter. Then, we scaled the new values from 0
to 1 by the formula below, where min and max represent
the minimum and maximum value of each parameter:
f(x) =
(x−min)
(max−min) .
We emphasise that the scaling does not affect the main
results. This procedure’s objective is to avoid that any local
minimum in the statistical method blurs the result. We also
used this normalised scale on our plots.
To investigate the existence of a dichotomy, we also need
to discuss a suitable approach concerning the outliers of each
sample. Notice that since we are trying to identify a sup-
posed second population, this second population could be
precisely a group of outliers. After removing entries below
the 5th percentile and above the 95th percentile, the num-
ber of sources may decrease significantly; thus, the outliers
are the points that fall outside the 5-95 percentile range for
any parameter. We present and discuss both results – with
and without the outliers – and deliberate on both results.
At this point, we must emphasize that the definitions of
radio-loud and radio-quiet may not be enough to interpret
the groups we find. Since we are now dealing with a multi-
parameter space, the groups do not necessarily correspond
to the RL or RQ groups.
3 METHODOLOGY
This section briefly describes the methodology chosen to
address the issue involving different clusters of QSOs. We
employed a probabilistic approach known as the Gaussian
Mixture Model (GMM) to evaluate the presence of different
clusters or groups in each dataset.
A Mixture Model is defined as a probability density
function comprised of a weighted summation of component
densities. Therefore, in the GMM, we have a summation of
Gaussian Components (GC), in which each of these GCs
indicates one potential cluster in the data (McLachlan &
Peel 2000; Hastie et al. 2001; Mengersen et al. 2011; Murphy
2012; de Souza et al. 2017; Ucci et al. 2018).
For a total of k components in a d-dimensional param-
eter space, one can write the GMM as:
f(x) =
k∑
i=1
ζiφ(x;µi,Σi), (1)
with mixture weights denoted by ζi, and
∑k
i=1 ζi = 1. Each
of the k components is described as a d-variate Gaussian
density, fully characterised by its mean µi and covariance
matrix Σi, given by:
φ(x;µi,Σi) =
1√
(2pi)d|Σi|
e−
1
2
(x−µi)′Σ−1i (x−µi). (2)
In this scenario, to each point in the dataset, we assign
a probability of membership to each GC. Thus we assign the
point to the cluster to which it has the highest probability of
membership after the convergence of the fitting algorithm.
Fitting a GMM means estimating the maximum likelihood
function of the Gaussian Mixture. The estimation is done
using the Expectation-Maximization (EM) algorithm. This
method consists of a data augmentation procedure with un-
derlying data, represented by the model memberships, dur-
ing the fitting procedure of a GMM (Hastie et al. 2001;
Dempster et al. 1977; McLachlan & Krishnan 2008).
The EM algorithm from the r (R Core Team 2016)
package mclust (Fraley & Raftery 2002) is used to fit the
Gaussian Mixture models to each dataset. Since our goal
is to verify whether there is a bimodality in each type of
source, we fitted solutions for k = 1 and k = 2 clusters.
In order to evaluate whether the results have indicated
or not the presence of a dichotomy, we have employed a
model selection framework along with a hypothesis testing
methodology to evaluate how significant is the hypothesis
of having two or more heterogeneous populations in each
dataset.
First, we used the Integrated Completed Likelihood
(ICL) criterion (Biernacki et al. 2000) to measure each solu-
tion’s goodness of fit. We were able to indicate the presence
or absence of a dichotomy in each parameter space by com-
paring the ICL of GMMs with k = 1 and k = 2 groups. We
used the icl() function from the mclust package, where a
greater ICL indicates a better model or solution.
The ICL is an alternative to the standard and widely
used Bayesian Information Criterion (BIC) and better suited
to our purposes in this paper. In the context of density es-
timation, BIC has a satisfactory performance. However, it
tends to overestimate the number of clusters when employed
in the model-based clustering analysis context (Biernacki
et al. 1997). In our case, this could result in some bias to-
wards the k = 2 solutions. Although some authors have used
it to assess the number of clusters in data (Biernacki et al.
1997), when some of the regularity conditions for the Normal
distribution are not present, more Gaussian components are
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Table 1. Summary of samples used in this work
Dataset References Parameters Objects no Outliers
D1 (Sec. 4.1) Sikora et al. (2007) 5 GHz, B-Band, Mass, R 197 131
D2 (Sec. 4.2) Sikora et al. (2007); Broderick & Fender (2011) 5 GHz (core), B-Band, Mass, Rcore 197 131
D3 (Sec. 4.3) Schneider et al. (2010); Kimball et al. (2011) Offset, 6 GHz, B-Band, R 175 116
Kellermann et al. (2016)
D4 (Sec. 4.4) White et al. (2000) 1.4 GHz,B-Band, R-Band, (B-Rb) 636 419
fitted to encompass the whole data or a unique cluster, thus
overestimating k. Since our datasets do not follow a normal
distribution, this reinforces our option for the ICL.
A disadvantage of the ICL is that there is no mention to
the significance of the difference between ICL values when
comparing two models, as Raftery (1995) has provided for
the BIC using the Bayes Factor framework. A difference in
the BIC values from two models represents an odds ratio
given by the probability that the model B is correct given
the data, over the probability that model A is correct given
the data. For example, a difference of |10| between two BICs
represents a 150 : 1 odds ratio that the model with the
smaller BIC is the better fitted one. Considering that the
ICL formula contains a BIC-like approximation, we can use
this number as a loose reference when comparing ICL values
for two solutions.
As a complement to the ICL criterion, we employed
a hypothesis-testing framework. Fuentes & Casella (2009)
developed a Bayesian procedure to test for the existence of
clusters in a multivariate dataset. The main goal is to test
H0 : k = 1 vs H1 : k > 1 . Here, H0 is the null hypothesis
and denotes the existence of a unique group (no dichotomy)
in the sample. The alternative hypothesis, H1, denotes the
possibility that there is more than one group in the data
and can be simplified to k = kn, where kn is the number of
groups that we want to test against k = 1. Therefore, the
method allows us to test whether the data represent a single
homogeneous population or two (or more) populations.
Since we are interested in evaluating the existence of
a dichotomy, i.e. kn = 2, we tested in favour of H1 : k =
21. Thus, we obtain a measure of the significance of the
alternative hypothesis k = 2. That means we can evaluate
if we have sufficient evidence to reject the hypothesis of a
single and homogeneous population, indicating instead the
existence of two separate groups (dichotomy).
In the hypothesis testing framework, the significance
level, α, is also known as the probability of making a Type
I error, i.e., the probability of wrongly rejecting the null hy-
pothesis H0 (Johnson & Bhattacharyya 2006). In our case,
it means that we would reject the hypothesis of no group
division (k = 1) when, in fact, there are no discrete popula-
tions of AGNs. The α significance level is set a priori and
will serve as the base of comparison for our p-value, which is
the probability of observing a value at least as extreme as we
have observed for the test statistic under the null hypothesis
distribution (i.e., assuming that H0 is correct).
We opt for a strict 1 per cent α (i.e., we set α = 0.01)
level to evaluate the significance of the hypothesis testing
results. We reject the null hypothesis if the computed p-
1 We used the bayesclust package (Gopal et al. 2012), an r (R
Core Team 2016) implementation of the aforementioned method.
value is less than 0.01. Therefore, by setting a small value
for α, such as one percent, we are very rigorous since we
would only reject the hypothesis of a single AGN population
(k = 1) if the p-value is smaller than 0.012. This is equivalent
to say that the data have to provide robust evidence so that
we decide to reject the hypothesis that there is only one
homogeneous population of AGNs.
Therefore, our methodology consists of fitting Gaussian
mixture models with k = 2 solutions to each dataset (with
and without the outliers); fitting GMMs with k = 1 solution
and comparing ICL values for k = 2 and k = 1 solutions;
and, in order to complement the analysis, we evaluate the
significance of the results by testing against k = 1 (in favour
of k = 2), using a hypothesis testing framework.
4 RESULTS
This section describes the results of the application of the
GMM to the four catalogues. Each catalogue reflects a dif-
ferent space of parameters, hence enabling to test the ro-
bustness of a dichotomy prevalence against different galaxy
properties.
In what follows, we describe each GMM fit. It is worth
noting that we performed all analyses in the multivariate
space composed by all parameters of each catalogue, but for
visualisation purposes, we display the projected pair-wise
two-dimensional solutions.
4.1 D1: parameter space: Radio and B Bands,
Mass and R
We shall note that, because this sample presents a broader
diversity of sources (FR I galaxies, PG quasars, Broad Line
Radio galaxies, Seyferts, and LINERS), Sikora et al. (2007)
weighted the R parameter by the Eddington Luminosity,
which differs from the classical definition commonly applied
to quasars.
We present the GMM fit in the left column of Figure 1.
We use different symbols depending on the radio loudness
parameter value to determine the extent to which the groups
correspond with the traditional RL/RQ dichotomy: crosses
indicate sources with R > 1, and circles represent sources
with R < 1. Colours in the figures represent the best group
division we found. The result is that the ICL slightly favours
the presence of two groups instead of one.
In this same Figure, one can see the 95 and 68 per cent
confidence regions limited, respectively, by the outer and
2 The probability of observing the computed test statistic under
the null hypothesis distribution (H0) has to be considerably small
to assume that we are actually dealing with values under the
probability density of the alternative hypothesis (H1).
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Figure 1. GMM results for the space of parameters for dataset
D1 (parameters 5 GHz flux density, B-Band magnitude, Mass, R
index ), where the circles indicate a confidence interval of 95 and
68 per cent. On left: the whole sample. On right: After removing
the outliers.
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Figure 2. GMM results for the space of parameters for dataset
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Mass, R index ), where the circles indicate a confidence inter-
val of 95 and 68 per cent. On left: the whole sample. On right:
After removing the outliers.
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inner ellipses. These regions are related to the estimated
population parameters after fitting the Gaussian mixtures
and should not be confused with a quantile region for the
sample. To illustrate their meanings, let us take the 95 per
cent region as an example. It indicates that if we were to
replicate the sampling from the underlying fitted distribu-
tion as many times as possible, and for each replication we
compute the confidence region, then 95 per cent of the el-
lipses constructed this way would contain the real mean of
the population. Likewise, for the inner ellipses, 68 per cent
of the intervals ellipses so constructed would contain the
underlying mean.
Based on the R > 1 distribution in the groups, it
would be possible to find a correspondence between the
multi-parameter dichotomy and the traditional RL/RQ di-
chotomy: In one group, there are 80 sources R > 1, and no
sources with R < 1, and then this could be the correspon-
dence with the RL population. However, the total number
of R > 1 is 143 sources. Our multi-parameter analysis indi-
cates that 63 sources known as RL would be better classified
together with the RQ, in opposition to the criterion of using
the weighted R parameter.
We should note that Sikora et al. (2007) defined the R
parameter estimating the bolometric luminosity. We agree
that this redefinition of the R parameter has the advantage
of expanding it to other AGNs, but maybe to use it, we need
to think about the dichotomy concept more broadly. More-
over, the group classification we found seems to have a clear
division at normalised radio flux of 0.75, indicating that in
our RL definition, the radio luminosity could be used as a
fundamental quantity to the dichotomy without the need to
compare with any other luminosity. Nonetheless, using the
whole sample, we did not find the same dichotomy as found
by Sikora et al. (2007), in which the sources followed two dif-
ferent and parallel tracks on the plane between radio and B
luminosities (see left column). However, when we remove the
outliers, the parallel tracks appear as a natural division be-
tween the groups. In this approach, the total sample has 131
sources. The group in blue (Figure 1), which has more Radio
Loud sources, has a total of 46 sources. It seems very sim-
ilar to the traditional RL/RQ dichotomy that Sikora et al.
(2007) have found.
This indicates that, at least for this weighted R parame-
ter, the loudness parameter only makes the dichotomy clear
if we remove the most extreme objects. In this case, the ex-
istence of two parallel tracks in all the planes is remarkable,
as shown in the right column of Figure 1. In section 5, we
discuss the contribution of each parameter. Nonetheless, the
detection of a dichotomy using GMM is compatible with the
results of two AGN populations.
In Table 2, we present the quantification of the com-
parison between the ICL values for k = 2 and k = 1. For
dataset D1, the comparison indicates that the dichotomy
is likely to be present. The p-value of the significance test
against H0 : k = 1 corroborates the dichotomy. When we
removed the outliers, the dichotomy persisted: the ICL for
k = 2 clusters is higher than the ICL computed for the
GMM with k = 1. The p-value in the table indicates there
is strong evidence to reject the null hypothesis of a homoge-
neous population in the dataset D1 since it is smaller than
the one adopted at a significance level.
We advocate that the presence of the outliers, the most
Table 2. Model selection & hypothesis testing results for dataset
D2. The model with greater value of ICL is favoured. The p-
value is used to complement the analysis. If it is smaller than
α, i.e. < 0.01, there is sufficient statistical evidence to reject the
hypothesis of a single AGN population.
ICL
Dataset Outliers k = 2 k = 1 p-value
D1 included 1846.367 1710.1796 0.004125
D1 removed 1425.617 1315.602 0.006875
D2 included 1896.847 1812.5682 0.006000
D2 removed 1408.619 1383.010 0.005375
D3 included 2237.868 675.7179 0.000125
D3 removed 2205.146 1795.334 0.000125
D4 included 17892.122 10090.5548 0.000125
D4 removed 7622.312 7634.255 0.007500
extreme objects, should be taken into account to define the
division line between the two populations, but this needs
further discussion.
4.2 D2, parameter space: Core, B Band, Mass
and Rcore
This dataset corresponds to the dataset of Broderick &
Fender (2011), adapted from Sikora et al. (2007). This set of
parameters is similar to the one in Section 4.1, although con-
sidering the core flux instead of the total radio flux. Thus,
we need to evaluate the influence of occasional contamina-
tion of the extended emission of the central source flux in
the results.
The results led to one group having two times more ob-
jects than the other (one with 130 and other with 67 points).
It is not clear whether one of these groups could be associ-
ated with RL or RQ. Taking into account the R parameter,
the group with 67 members, indicated in orange on the left
column of Figure 2, can be identified as the Radio Loud.
This proportion is similar to what we have found in the pre-
vious data sample. On the plot R index versus radio, we
can identify the parallel tracks, although the gap is almost
nonexistent.
However, the sources with the highest radio fluxes are
together with the sources with higher B values. The division
seems to be remarkably evident around 0.75 of the B nor-
malised flux. Both, R < 1 and R > 1, sources are present,
which is expected since the R index compares the radio flux
with the B-band flux, even when the Eddington Luminosity
weights R.
The proportion between the groups becomes more bal-
anced if we remove the outliers out of the sample, but the to-
tal sample decreases to 120 sources. However, the dichotomy
is less evident in this case. As discussed in Section 4.1, by
removing the outliers, some high luminosity radio sources
are also removed. Even though we find RLs in both groups,
the smaller number of sources also points to the existence
of two clusters in the radio versus optical emission chart.
While not removing the outliers points to two groups with
similar dispersion, now the dispersion is smaller in one of
the groups. The latter group has more Radio Loud sources,
which can be seen by the blue circles in Figure 2. In other
words, even if one of the groups has more RL sources, in this
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Figure 3. GMM results for the space of parameters for dataset
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dicate a confidence interval of 95 and 68 per cent. On left: the
whole sample. On right: After removing the outliers.
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Figure 4. GMM results for the space of parameters for dataset
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sample, it is not easy to identify a correspondence between
the division we found and the traditional RL/RQ dichotomy.
Broderick & Fender (2011) noted that replacing the to-
tal flux by the core emission decreases the gap between par-
allels tracks on the radio versus Rband luminosity plot. In
this approach, after removing the outliers, no evidence of
the parallel tracks is found.
One could ask if we can also use the lobe emission, de-
fined as the difference between the total and the core emis-
sion since we have both. In principle, the lobe flux should
not be a vital feature to the dichotomy, and it could even
mask some eventual disparity between the fluxes, but the
GMM would be robust enough to check it by itself. How-
ever, two problems prevent us from using this parameter.
First, some sources have all their emission attributed to the
core by Broderick & Fender (2011), making the lobe emis-
sion weightless. Secondly, since the authors obtained the lobe
emission discounting the core flux, to include it would result
in a biased analysis.
As discussed in the previous section, we can check the
level of significance from the p-value. The comparison be-
tween the ICL values indicates that the dichotomy is also
present in dataset D2 (Table 2).
The same is true after removing the outliers from the
sample. However, we remark that the ICL difference between
two and one groups in the GMM clusters are slightly worse
than the previous sample (dataset D1), in which the total
flux was used instead of the core emission. Thus the use of
the core emission makes the division less evident than the
total flux.
4.3 D3, parameter space: Offset, Radio, B Band,
R
This sample contains only quasars, and one shall recall that
when we think about the traditional RL/RQ dichotomy, we
refer to quasar sources. We were not expecting any effect
of spatial displacement between radio and optical emission
on the dichotomy. Still, we included it as a parameter that
we have labelled “offset” to measure whatever effect it could
have. We present the GMM results of this parameter space
in Figure 3.
Here, the R parameter assumes the classical definition
that compares the flux at 6 GHz with the B band and then
appears as the quantity that makes the dichotomy evident. It
is clear the correspondence with the usual definition RQ and
RL using the radio-loudness parameter. Since the 32 sources
in the orange group are defined as RL in the literature, we
interpret this group as RL and, consequently, the blue group
as RQ.
The right column of Figure 3 is the outlier-removed
sample. In this scenario, the group in blue could be asso-
ciated with the RQ population. It contains all its 75 sources
with R < 1, while the other group, shown in orange, contains
23 out of 39 sources with R > 1. It is important to note that
the AGN multi-parameter dichotomy tends to the RQ/RL
traditional dichotomy when we look to a sample contain-
ing only quasars. It seems that the traditional RL/RQ di-
chotomy in quasars is a slice of an overall dichotomy of
AGNs.
Two aspects are important in this analysis. Firstly, the
presence of the outliers affects the splitting: when they are
included, the splitting is more compatible with the radio-
loudness parameter criterion in the sense that we have a
group with only 20 per cent of the sources that could be
identified as radio-loud.
Secondly, by removing the outliers, some of the sources
with R< 1 are identified in the radio-loud cluster which
could be an indication that other parameters make them
more similar to radio-loud sources than the radio-loudness
parameter per se, e.g., the edge between RQ and RL be-
comes fuzzier than with the outliers. The ICL relation de-
creases to 23 per cent favouring the dichotomy.
What we saw above is not an entirely new result. When
one considers only the R index to search for a dichotomy, it
may classify as Radio-Loud low luminosity AGNs like LIN-
ERS, since these sources can have extremely low B luminos-
ity and the Radio flux can be higher (Ho 2008).
Surprisingly, in the plane of the offset, the splitting into
two groups is also evident. However, as expected, there is
no clear trend between RL sources and the displacement
between optical and radio emissions.
This sample is very different from the datasets D1 and
D2 since D1 and D2 have different types of AGNs, and this
one has only quasars. However, we found that the existence
of two populations is a fact that can be seen in all AGNs.
Once again, we found that the solution assuming two
groups is more significant than the solution with one group
to describe the whole sample, but, this time, the difference
between the solutions is more apparent than for the first two
datasets (Table 2).
Table 2 shows that the ICL for two populations is con-
siderably higher than the ICL for a homogeneous population
when considering the whole sample from dataset D3. The
differences in favour of k = 2 clusters are still significant
when we remove the outliers. Therefore, we have strong ev-
idence to consider the presence of a dichotomy for dataset
D3, as well.
4.4 D4, parameter space: Radio at 1.4 GHz, R
Band, B Band, and colour
As discussed in the introduction, many earlier analyses
based on the FIRST data did not find any trace of the tra-
ditional RL/RQ dichotomy. This sample has more sources
than the other three and also has more outliers. The to-
tal number of sources decreases from 636 to 419 when we
remove the outliers, but only the whole sample revealed a
dichotomy pattern.
For this sample, we opted not to use the radio-loudness
parameter, since as mentioned in the introduction, this pa-
rameter is not ideal at low frequencies (1.4 GHz). On the
other hand, we used the R and B magnitudes, both avail-
able in the FIRST catalogue.
It is worthy of stressing that the dichotomy becomes
evident when we use a multivariate analysis instead of
only taking into account the radio-loudness parameter. The
other planes involving the magnitudes do not show the split
clearly. This pinpoints that the difficulty of finding a di-
chotomy in the RQ/RL space in this sample was overcome
when we look to other parameters, even taking into account
observations at low radiofrequency. The best group division
found after the removal of the outliers seems very reason-
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able. It is the first time that one observes a dichotomy in
such low radio frequencies (1365 and 1435 MHz).
The splitting in two groups is not much apparent in the
total sample on left column of Figure 4 but is easily identified
at the bottom. It is evident even when we compare the radio
emission with the B-Rb colour.
Surprisingly, the ICL value of the GMM analysis favours
the dichotomy’s existence only for the whole sample from
dataset D4. Table 2 shows a significant difference between
the solutions with k = 2 and k = 1, corroborated by the p-
value against the existence of a unique homogeneous group.
In total, the group marked as RL (in blue) has 25 per
cent of the total number of the sources of the whole sample.
This dataset has sources in all redshifts and not only in
a small interval as the sample constructed by Kellermann
et al. (2016), but no clear bias could be introduced in this
discussion to explain this group division.
On the other hand, Table 2 shows a slightly larger ICL
for the solution with one cluster after removing the out-
liers. The p-value, even being below the level of 0.01, was
the highest value for a p-value amongst all datasets. Even
considering the apparent split in the plots, we assume that
we do not have sufficient statistical evidence to indicate a
dichotomy after removing outliers from the dataset D4.
5 DISCUSSION
For each sample, we can quantify by how much each pa-
rameter is important to the dichotomy by re-applying the
GMM method for combinations of 3 parameters and com-
paring how the ICL value increases or decreases. Although
the mass blurs the gap between the groups, it worked to
reveal a dichotomy in samples 1 and 2. When we take out
the other parameters, the ICL value decreases significantly,
i.e., by a factor of ≈ 80 per cent for all of them. Without
the mass, the ICL value remains almost equal.
We can discuss this result based on the fundamental
plane scenario. Broderick & Fender (2011) argued that if we
consider the black hole fundamental plane, the traditional
RL/RQ dichotomy would be, at least, less evident. The re-
sult we found is not compatible with this statement since we
found the group division in all the situations that involve the
mass. However, we emphasise that we did not correct the
flux by the mass, as performed by those authors, because
it would generate a correlated quantity. We only took the
mass as an independent quantity.
In other words, it is not easy to verify the effect of the
fundamental plane using the GMM approach because if we
introduce a corrective term on the luminosity, we will cre-
ate a false correlation between the optical brightness and
the black hole mass. Finally, one should note that any anal-
ysis taking into account the mass is limited because it is
not easy to obtain reliable mass measurements for bright
sources, making it hard to compile a much bigger catalogue.
This result is similar for datasets D1 and D2.
For the dataset D3, of all quantities involved in the
analysis, the one that blurs a bit the dichotomy is the radio-
optical spatial displacement. However, we must stress that
the displacement does not hide the dichotomy, and the ICL
value remains almost the same when we compute the GMM
without considering it. We must note that the bright ra-
dio sources tend to have radio and optical emission spatially
coincident. For dataset D4, as expected, the dichotomy is
blurred if we use only the optical quantities (B and R magni-
tudes and colour). The radio flux plays the most crucial role
in the dichotomy, which is very curious since the dichotomy
was never found using only the low radio frequency emis-
sion. This indicates that the two bands near optical emis-
sion are relevant quantities when looked together with the
radio emission, although they are not enough to show the
two populations.
The advantage of using a probabilistic approach is to
quantify by how much a given source belongs to one group
or another. In all datasets, we found that most of the sources
have a high probability of belonging to one group or another.
Once we find a dichotomy, only a few sources lie in the di-
vision zone, and, in some cases, none at all. In Table 1, we
show the number of sources in each dataset for which we
obtained a probability of belonging to a given group higher
than 0.80 (it does not matter if RL or RQ).
We can also see this result by looking at the radio versus
optical plane in Figure 5. We show a colour scale that iden-
tifies the probability of each source belonging to the radio
loud group. In other words, only a few sources are around
50 percent of probability in such a way that we can not be
sure the specific group to which they belong.
In the case of the traditional RQ/RL dichotomy, Keller-
mann et al. (2016) already pointed out that some sources
can not have the population to which they belong to easily
identified. These sources can be that case of weak emission
of a source belonging to a radio-loud population or a strong
emission of a source belonging to a radio-quiet population.
We believe that such a situation may also occur when we
think in a multi-parameter AGN dichotomy, manifesting as
sources with around 50 percent probability of belonging to
one group. One should note that this does not imply the ex-
istence of a transition population, but rather the possibility
that there are sources that we do not have enough obser-
vational constraints to determine which population they be-
long to. In any case, they are few, and if we take into account
other parameters besides the luminosity, the dichotomy may
be more evident.
As a final test, we computed the GMM constraining the
number of groups to 3 to verify if the method could separate
the sources around probability 0.5 into a group on its own.
This division of the sources with probability around 0.5 in
a group off its own happens only for dataset 4: when we
look to the plane radio versus optical, (Figure 6). Something
different occurs for datasets D1 and D2: a third group also
appears, but it does not necessarily contain sources with
probability 0.5. In dataset D3, there was no source with
less than 0.8 of the likelihood to belong to a given group,
and we only see an artificial transition zone. The situation
is not straightforward for datasets D1 and D2. The method
provided three distinct groups, but none of them correspond
to the sources that have probability 0.5 on the dichotomy
split.
6 CONCLUSION
The existence of a dichotomy in the radio extragalactic
sources has been discussed since its definition in the late
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Table 3. Fraction of sources with high probability (P ≥ 0.8 ) to
belong to one group.
Dataset Outliers removed Whole sample
Dataset D1 100 % 96 %
Dataset D2 92 % 96 %
Dataset D3 100 % 100 %
Dataset D4 82 % 100 %
’70s, questioning whether there are indeed two different ra-
dio populations or it is a misleading effect, due to some
bias or orientation effect. Kimball et al. (2011) and Keller-
mann et al. (2016) proposed that the radio emission of the
RQ sources is originated by the star formation, while in RL
sources originate in the central engine. This can explain the
existence of an inherent dichotomy. Panessa et al. (2019)
also suggest other mechanisms for the radio emission of RQ
quasars, like a low power jet or a photo-ionized gas.
We found that the two populations description is robust
in all of our samples. The dichotomy persists even looking
at quantities other than the radio emission, and maybe it is
time to start thinking about a new AGN dichotomy: more
general than only the radio flux; and broader than only for
quasars. Even in the FIRST catalogue, we showed that it is
possible to identify the dichotomy. In the dataset compiled
by Sikora et al. (2007) and modified by Broderick & Fender
(2011), we confirm that the group division follows the par-
allel tracks on the luminosity plot only for the first dataset.
However, in a general way, we argue that the identification
of the dichotomy occurs if we use either the total radio flux
or the core radio flux. It is slightly better when we use the
total flux, but we cannot conclude that the dichotomy is
more evident in this space of parameters.
We found the dichotomy, as expected, for the sample of
quasars compiled by Kellermann et al. (2016). This sample
was constructed from a small redshift range, and only with
quasars, and there is no doubt about the dichotomy in this
situation. Based on the agreement of our results with the
traditional RQ/RL dichotomy in that sample, we argue that
the quasar dichotomy is a slice of a general AGN dichotomy.
This interpretation is also compatible with the results we
have obtained in the FIRST catalogue. We found that one
does not need to use the radio-loudness parameter to find
the dichotomy: It is possible to use only the colours and
radio flux.
Over the years, the issue of dichotomy has been investi-
gated by many authors using different catalogues and meth-
ods, leading to different conclusions. The goal of this work
was to critically analyse the most recent catalogues com-
piled by different authors and verify the dichotomy in many
samples using multivariate analysis.
We concluded that the dichotomy persists even consid-
ering other parameters. Maybe the radio-loudness param-
eter is the best way to see it because of the origin of the
radio emission in quiet and loud quasars are intrinsically
different (Kellermann et al. 2016; Panessa et al. 2019; Laor
et al. 2019). This does not mean that the existence of two
populations would be detected only at radio wavelengths.
We have shown that looking into a multi-parameter space
MNRAS 000, 000–000 (0000)
12 Pedro P. B. Beaklini
can reveal a broad sense of dichotomy, expanding the evi-
dence of two populations for all the AGNs. New data of the
VLA Sky Survey (Lacy et al. 2020) can provide new infor-
mation about the dichotomy slice at radio wavelength, and
a future cross-match with catalogues at other wavelengths
could reveal even more hints about the nature of the differ-
ence between the populations.
Using the GMM method, we were able to find the exis-
tence of two groups in all the samples reliably. We interpret
these groups as two AGN populations that manifest them-
selves as a dichotomy in the parameter space of luminosities,
radio loudness R, central mass, colour, and even the radio
optical displacement.
We recall that the traditional RQ/RL dichotomy seems
to be a slice of the more general AGN dichotomy seen in the
full parameter space. This interpretation can explain why
we do not clearly see the division between RQ and RL in a
given sample.
In this work, we tried to identify as much as possible
a given group with the well-known traditional Radio Loud
group. However, such correspondence is not necessarily ac-
curate since it is possible to find a source with a low radio
loudness value similar to a bright radio source due to other
parameters. Finally, further studies are needed to address
which is the best way to label both populations.
7 DATA AVAILABILITY
There is no new data analysed in this work. We have used
the data published in the works presented in table 1.
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